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Mobility has a wide theoretical purchase because 
of its centrality to what it is to be in the world. 
(Cresswell, 2011, p. 55)
Movement, or mobility, is fundamental to everyday 
living.1 People and groups—from commuters, tourists, 
asylum seekers, refugees, and crowds to entire armies— 
are constantly on the move. These movements can 
affect individuals, group dynamics, societies, and the 
global environment. Impacts have become magnified 
as the ways and means by which people move have 
developed rapidly following advances in transporta-
tion and technology and the globalization of organiza-
tions. Over the past few decades, recognition of the 
importance of migration has also become more preva-
lent (a change commonly referred to as the mobilities 
turn; e.g., Sheller & Urry, 2006). As a result, human 
movements are now widely studied across many dis-
parate disciplines (e.g., urban and transport studies, 
human geography, sociology, and psychology). This 
work is providing insights for practical applications 
in, for example, logistics, transportation, and public 
health and is helping to unravel social and psychologi-
cal issues that pertain to intergroup relations, inequal-
ity, segregation, emotions, and identity (e.g., Cresswell, 
2011).
Simultaneously, the use of digital devices and associ-
ated services has increased substantially, connecting 
individuals to one another and automatically recording 
interactions, tasks, and movements. Smartphones and 
wearable technologies track people’s geographic coor-
dinates via GPS, as well as their physical activity, such 
as speed of walking and rotation (via accelerometers 
and gyroscopes). People may also reveal information 
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Abstract
Understanding people’s movement patterns has many important applications, from analyzing habits and social 
behaviors, to predicting the spread of disease. Information regarding these movements and their locations is now 
deeply embedded in digital data generated via smartphones, wearable sensors, and social-media interactions. Research 
has largely used data-driven modeling to detect patterns in people’s movements, but such approaches are often devoid 
of psychological theory and fail to capitalize on what movement data can convey about associated thoughts, feelings, 
attitudes, and behavior. This article outlines trends in current research in this area and discusses how psychologists can 
better address theoretical and methodological challenges in future work while capitalizing on the opportunities that 
digital movement data present. We argue that combining approaches from psychology and data science will improve 
researchers’ and policy makers’ abilities to make predictions about individuals’ or groups’ movement patterns. At the 
same time, an interdisciplinary research agenda will provide greater capacity to advance psychological theory.
Keywords
computational social science, digital data, human movement patterns, mobility
2 Hinds et al.
about their location and movements (both directly and 
indirectly) via online interactions in the form of posts, 
photographs, and location-based services (e.g., Uber, 
Google Maps, and online dating; see Fig. 1 for an over-
view of digital data related to human movement pat-
terns, some challenges presented by these data, and 
potential solutions for these challenges). Although 
these data have become invaluable to data scientists 
seeking to create statistical models and algorithms that 
predict behavior, there is scarce use of digital move-
ment data in psychology. We argue that such data can 









































What Do Digital Data Convey About Human Movement Patterns?





Fig. 1. Infographic displaying examples of types of digital data that relate to human movement patterns and some key solutions for chal-
lenges presented by these data.
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natural contexts and can inform the development and 
testing of psychological theories.
Typically, psychologists use theories to explain why 
people have specific cognitions, emotions, and attitudes 
and engage in certain behaviors. In quantitative studies, 
psychologists tend to use these theories to select vari-
ables a priori. For example, intergroup-contact theory 
suggests that encounters with out-group members can 
improve attitudes toward those same groups (e.g., Kim 
& Wojcieszak, 2018). This same theory can then be used 
to justify the operationalization of independent vari-
ables (e.g., social proximity) and dependent variables 
(e.g., perceived threat). In contrast, data scientists typi-
cally use data-driven approaches to examine the rela-
tionship between variables (known as features) without 
any preconceptions about the extent to which those 
data may provide meaningful insights about people’s 
behavior. For example, they may explore whether 
someone’s phone-call records can predict his or hers 
movements around a region (e.g., Song et al., 2010). In 
other words, data scientists focus on predicting rather 
than explaining behavior (Hinds & Joinson, 2019; 
Yarkoni & Westfall, 2017). If data scientists considered 
using theory to inform the design of algorithms and the 
selection of data, they could increase the explanatory 
power of their findings. Conversely, if psychologists com-
bined traditional methods with data-science approaches, 
their theories might have greater predictive abilities. In 
both cases, such work could feed back into theory 
development.
Recent research has started to demonstrate this 
potential. Psychological theory has informed the use of 
digital movement data (in data-science studies), and 
digital movement data have informed the testing of 
theory (in psychology studies; see Table 1 for an over-
view). In the following sections, we highlight some 
examples and discuss how future research could benefit 
from interdisciplinary research that capitalizes on new 
methods.
How the Use of Mobilities Data Has 
Been Informed by Psychological 
Theories, and Vice Versa
Although detailed explanations of how digital data 
relate to psychological phenomena are rare, data- 
science researchers are increasingly using psychological 
theories to guide their investigations. For example, 
theories of social identity (Tajfel & Turner, 2001) and 
collective action (e.g., the elaborated social-identity 
model; Drury & Reicher, 2000) predict that when indi-
viduals adopt the collective identity and norms of a 
social group, this may affect their movements (e.g., their 
attendance at concerts, social gatherings, and protests). 
Inspired by this research, Georgiev et al. (2014) found 
that when individuals used social media to share infor-
mation confirming their location and arrival at a specific 
event (also known as a check-in), it was possible to use 
this information to predict their future attendance at 
other events, including football matches, festivals, and 
conferences. However, the findings did not provide 
insight into the group or collective phenomena underly-
ing individuals’ movement patterns. Future research 
could use check-in or GPS data to develop a more 
complex understanding of how movements and technol-
ogy interact with psychological phenomena relating to 
identity and groups. For example, researchers could 
quantify crowd movement to test key propositions of 
the elaborated social-identity model (Drury & Reicher, 
2000). Specifically, one might hypothesize that shared 
social identities between responders and members of 
the public will result in reciprocal behaviors during mass 
emergencies (Carter et al., 2020; Drury & Reicher, 2000). 
Modeling patterns of movements of in-group and out-
group members around particular places (e.g., as mea-
sured by check-in or GPS data) may contribute insights 
into how changing perceptions of the intergroup 
dynamic affect the norms of intergroup behavior.
Other researchers have been motivated by sociologi-
cal and psychological theories to study people’s move-
ments around cities to gain insights on inequality, 
segregation, and socioeconomic similarities across dif-
ferent neighborhoods. For instance, the theory of 
homophily states that people who share characteristics 
(e.g., age, sexuality, hobbies) tend to connect and inter-
act with each other online and to congregate offline 
(“birds of a feather flock together”; e.g., McPherson 
et al., 2001). Inspired by this theory, Heine et al. (2021) 
used geotagged tweets of residents in Stockholm to 
analyze how their movements around the city con-
nected them to different neighborhoods. The authors 
found that the socioeconomic similarity of neighbor-
hoods in Stockholm (i.e., similarity in residents’ income, 
education level, and immigration history) could predict 
how individuals moved through those areas (i.e., resi-
dents of socioeconomically similar neighborhoods were 
likely to adopt similar movement patterns throughout 
the city).
Further work in the United States has highlighted 
that income inequality is also prevalent at a more gran-
ular level, which is reflected in mobility patterns at the 
street level (e.g., a designer shop that attracts high-
income customers may be next door to a coffee shop 
that attracts customers from diverse backgrounds; see 
the Atlas of Inequality project: https://inequality.media 
.mit.edu). Whereas these studies are predominantly data 
driven and describe mobility patterns, in future work 
researchers could not only delve deeper and describe 
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mobility patterns further, but also clarify how people’s 
movements vary as a function of individual differences 
(e.g., personality) and the environment (e.g., rural or 
city). Research exploring the mechanisms underlying 
different types of segregation and inequality could be 
used to develop interventions that reduce inequality. 
For instance, such research might investigate how 
movement data relate to (and provide insights on) 
acculturation, the process of cultural and psychological 
change caused by intercultural contact between indi-
viduals and groups (e.g., Berry, 2005).
Recent research in psychology has highlighted the 
benefits of testing psychological theory with digital 
movement data. For example, intergroup-contact theory 
proposes that contact with out-group members can 
reduce intergroup prejudice (e.g., Allport, 1954; Hässler 
et al., 2020). In a study of residents’ movements around 
Belfast, Dixon et al. (2020) found religious segregation 
in GPS data: Catholics and Protestants made limited use 
of facilities and pathways located in out-group areas 
(see the Supplemental Material available online). By 
pairing the GPS data with surveys exploring residents’ 
experiences of intergroup contact, Dixon et al. found 
that willingness to use out-group spaces was associated 
with both positive and negative experiences of inter-
group contact, and that these associations were partially 
explained by residents’ perceptions of threat and anxi-
ety about crossing sectarian lines. This work is particu-
larly novel because intergroup-contact theory informed 
the selection and use of GPS data. At the same time, 
GPS data provided an opportunity to test intergroup-
contact theory—and provided direct evidence of behav-
ior, so that the researchers did not have to rely on 
self-report alone (e.g., Davidson et al., 2021).
Table 1. Examples of Research That Has Combined Psychological Theory and Digital Movement Data
Authors Topic
Data source (or 
sources) Researchers’ focus Measures
Research in psychology and other social sciences






Explored segregation as the 
outcome of individuals’ 
movements over time in 
everyday spaces
GPS tracking with GIS 
analytics, field surveys




Cellular records Assessed intergroup integration 
using communication patterns
Records of mobile phone 
calls and SMS origins 
and destinations




Used geosocial features to reveal 
links between momentary 
loneliness experiences and 
current companionship (e.g., 






Research in data science







Explored factors that influence 
event attendance and 




ins (locations based 
on social-media posts)
Heine et al. 
(2021)





economic similarity predicts 




Hung et al. 
(2013)
Social interaction Wearable sensors Identified different types of 
social actions (e.g., speaking, 




Song et al. 
(2010)
Mobility Cellular records Explored the limits of using 
mobility patterns to predict 
human dynamics
Phone location (based 
on the nearest mobile 
tower, as logged by 
the mobile carrier 
each time the phone 
was used)
Note: A geographic information system (GIS) is a computer-based tool that stores spatial and geographic data. Users can use a GIS to edit 
and analyze data and visualize results.
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Further, the opportunities to explore psychological 
theory with digital movement data and to use psycho-
logical theory to inform data-science studies are not 
limited to the contexts and types of data we have just 
outlined. Other examples in Table 1 reveal that digital 
movement data (obtained via accelerometers) can be 
used to study micro aspects of individuals’ movements, 
such as whether a person is laughing, speaking, drink-
ing, or gesturing when conversing with other people 
in social situations (Hung et al., 2013). Movements at 
a population level can also be followed. For example, 
Salah and colleagues (2019) tracked the migration of 
Syrian refugees to Turkey. Insights gained from studies 
such as these have the potential to inform fields beyond 
psychology, such as time geography, which examines 
how people distribute their activities across space and 
time (Miller, 2017), and crisis informatics, which con-
siders how people use technology and geospatial data 
to coordinate response efforts in emergencies and 
disasters (Palen & Anderson, 2016). Future research in 
aligned areas could have further applied impact by 
informing policy on matters relating to migration, eco-
nomic inequalities, disaster management, health care, 
and education. In the following section, we explain 
how the adoption of interdisciplinary methodologies 
could help to facilitate these and related advances.
Methods: Challenges and Opportunities 
When Working With Movement Data
Interdisciplinary work that combines methodological 
techniques from psychology and computer science will 
help researchers realize the potential of digital move-
ment data to further understanding of psychological 
phenomena. However, integrating different methods 
remains challenging, particularly if researchers are 
unfamiliar with new methods.
The techniques that can be used for such studies can 
be categorized as passive (requiring very little or no 
participant engagement) or active (requiring partici-
pation at regular intervals). Both passive and active 
approaches can be used with smartphones, which offer 
a convenient way to capture digital data relating to 
behaviors and contexts that could not be captured at 
scale otherwise. For instance, the automated collection 
of GPS data is ideal for studying human movements in 
outdoor spaces and over geographic distances. Although 
GPS signals are often not available inside a building, 
smartphones can switch to other available sources that 
also report location, such as Wi-Fi or mobile network 
signals; however, both of these alternatives are gener-
ally less accurate than GPS alone (e.g., Geyer et  al., 
2019). Proximity to other people or places can instead 
be inferred using other systems, including Bluetooth 
and radio-frequency identification (RFID) tags (e.g., 
Elmer et al., 2019).
Of course, GPS and proximity data streams can be 
switched off by participants. Also, they are not useful 
for analyzing social interactions in real time or micro 
aspects of an individual’s movement (e.g., posture or 
gestures). Researchers might consider using accelerom-
eters or gyroscopes to capture the latter; these devices 
are cheap, unobtrusive, and (unlike cameras or micro-
phones) resistant to noise, visual obstructions, and 
other forms of environmental interference (see Hung 
et  al., 2013). Several accelerometers are required to 
record posture and gestures across the whole body, but 
some technology (e.g., sociometric badges) can mea-
sure basic changes in posture via a single device. The 
challenge with accelerometers and gyroscopes is that 
crowded settings can sometimes interfere with their 
performance, and any glitches with the functioning of 
the sensors can cause them to fail or produce inaccurate 
data. In addition, researchers often still need to observe 
participants. Subjective and objective measures of syn-
chronous interaction (e.g., coding behavior by observ-
ing videos vs. using objective data from accelerometers) 
are often weakly correlated (e.g., Taylor et al., 2021). 
Ramseyer and Tschacher (2011) argued that objective 
measures are limited to measuring dynamic synchrony 
(i.e., the coordination of movement) and therefore over-
look both the “static” mirroring of specific gestures and 
the subjective impressions (the holistic synchrony) that 
judges may use to guide their coding.
Active approaches for studies combining psychology 
and digital movement data include questionnaires, 
which enable researchers to analyze key constructs 
such as personality, attitudes, and feelings and to 
explore how they relate to human movements and pre-
dict future behaviors. However, questionnaires are often 
administered retrospectively, and the choice of ques-
tionnaire or questions in some areas can affect the 
conclusions drawn (e.g., Hässler et al., 2020). Walking 
interviews (which involve walking with participants and 
interviewing them) provide a way to capture partici-
pants’ thoughts and experiences in real time as they 
move around a particular environment, so that they are 
less likely to provide the “right” answer (e.g., see Evans 
& Jones, 2011). The challenge is that they are con-
strained by time, distance, and physical mobility: The 
places must be walkable, and the participants must be 
able to physically walk (or move around) those areas.
Researchers could also consider using social-media 
data or experience-sampling methodologies (also via 
smartphones) to gain additional context regarding peo-
ple’s movements. For instance, social-media posts, pho-
tographs, and network data can provide details on an 
individual’s feelings, activities, and places visited, and 
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also indicate if the individual is alone or with others 
(e.g., Wu et al., 2021). Indeed, such data may convey 
location information in the absence of GPS data (e.g., 
a photograph may reveal information about places and 
activities), or they may convey raw location data in the 
form of geotags on posts and check-ins. On the other 
hand, participants may not post at or check in to every 
location visited (and they may be highly selective, com-
municating only places of interest or those that are 
popular). Combining questionnaires, interviews, or 
social-media data with digital data collected via smart-
phones, wearables, and so forth can therefore be a 
powerful way to investigate the psychological processes 
underlying individuals’ movements (e.g., Dixon et al., 
2020).
New tools
Embracing new technologies, data types, and method-
ologies is likely to require training in areas such as sta-
tistics, machine learning, and data visualization. However, 
a growing number of smartphone applications and plat-
forms, some of which have been developed by psycholo-
gists, provide support for the collection and analysis of 
movement and location data. For instance, unforgettable.
me is an experience-sampling platform that can collect 
image, GPS, accelerometry, and audio data via an app, 
as well as source data from social media, wearables, and 
other devices (Dennis, Yim, et al., 2019); Contact Logger 
is an application that allows participants to record inter-
personal and intergroup encounters alongside their loca-
tion (Keil et  al., 2020); and PEG LOG is an Android 
application that passively records individuals’ locations 
longitudinally (Geyer et al., 2019).
Communicating findings from multiple types of data 
derived from large, complex data sets remains challeng-
ing—particularly when researchers want to integrate 
insights from multiple disciplines. Visualizations can be 
an ideal way to communicate findings to broader aca-
demic disciplines and communities, as well as to policy 
makers and members of the public. Researchers could 
consider using dynamic visualizations (i.e., those that 
are animated or interactive) to communicate findings 
about people’s movement patterns. Static visualizations, 
such as bar or line graphs, can be limited in the quantity 
and type of information that can be presented and can 
be problematic for projects involving large and complex 
data sets with multiple dimensions (Weissgerber et al., 
2015). Dynamic visualizations are powerful because 
they can overcome these issues by showing people’s 
movements over time. In turn, this can also help iden-
tify appropriate statistical analyses and support dis-
semination activities (e.g., Ellis & Merdian, 2015). A 
prominent example of a dynamic visualization is Dixon 
et al.’s (2020) animation highlighting the segregation 
between Catholics and Protestants as they moved 
around Belfast over a 2-hr period (see the Supplemental 
Material). The Atlas of Inequality website (https://
inequality.media.mit.edu) also showcases an excellent 
example of an interactive visualization. Users can navi-
gate a city’s map, zooming in on different cities, streets, 
and places to view their economic inequality.
Balancing privacy and ethical 
concerns with open-science practices
The use of the methods we have reviewed entails chal-
lenges relating to privacy and ethics. Whereas collecting 
data through smartphone applications or wearable 
devices involves direct interaction with participants and 
allows informed consent to be obtained, collecting 
large volumes of social-media data is usually done with-
out a participant’s awareness, and it is often not pos-
sible to obtain consent given the number of people 
whose data are being collected. In such instances, 
researchers must ensure that data are anonymized and 
identifying information is removed.
Researchers must also remain mindful of collecting, 
analyzing, and storing digital data in an ethically appro-
priate manner, as the use of digital data generates 
opportunities for data misuse. For instance, the smart-
phone applications designed to track and trace the 
spread of COVID-19 have incited fears over the poten-
tial for mass surveillance, and many people have ques-
tioned how these data will be safeguarded against 
misuse or hacking, and what these applications could 
mean for human rights and freedom of movement (e.g., 
Norton Rose Fulbright, 2021).
At the same time, researchers are increasingly being 
encouraged to upload their data to open repositories 
and adhere to open-science principles. Although such 
practices are intended to improve the quality and ethical 
conduct of research, they are often in direct conflict 
with the need to preserve people’s privacy (Dennis, 
Garrett, et al., 2019). Researchers must find ways to bal-
ance these requirements. For example, the notification 
drawers of smartphone tracking apps can provide per-
manent reminders explicitly stating that data collection 
is ongoing (e.g., Geyer et al., 2019). A complementary 
approach could involve geofences (virtual perimeters 
that define geographic locations, e.g., a city center) that 
trigger alerts when someone enters or exits a specific 
area. Geofences could help preserve participants’ pri-
vacy by restricting data collection to particular areas. 
Another solution is to use differential privacy, a com-
putational approach that describes information about 
groups within a data set but withholds information 
about specific individuals (Dennis, Yim, et  al., 2019; 
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Dwork, 2008). (See Dennis, Garrett, et  al., 2019, for 
further recommendations regarding data sharing and 
open-science practices.)
Looking ahead: a prosperous future
As the use of technology continues to evolve, individu-
als’ movement behaviors—ranging from small-scale 
behaviors such as posture and body language to move-
ments across cities, countries, and continents—are 
increasingly being embedded in (and tracked by) 
devices. Digital data offer new possibilities to advance 
understanding of human behavior. The psychologists 
leading some of this work confirm that it is possible to 
test existing theories and seek new explanations of 
psychological phenomena by combining new technolo-
gies with an interdisciplinary perspective. By continu-
ing to exploit these opportunities, psychologists will 
play an increasingly important role in addressing the 
challenges associated with studying and understanding 
human movements now and in the future.
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